Global and regional climate model ensembles project that the annual cycle of rainfall over the southern Great Plains (SGP) will amplify by midcentury. Models indicate that warm-season precipitation will increase during the early spring wet season but shift north earlier in the season, intensifying late summer drying. Regional climate models (RCMs) project larger precipitation changes than their global climate model (GCM) counterparts. This is particularly true during the dry season. The credibility of the RCM projections is established by exploring the larger-scale dynamical and local land-atmosphere feedback processes that drive future changes in the simulations, that is, the responsible mechanisms or processes. In this case, it is found that out of 12 RCM simulations produced for the North American Regional Climate Change Assessment Program (NARCCAP), the majority are mechanistically credible and consistent in the mean changes they are producing in the SGP. Both larger-scale dynamical processes and local land-atmosphere feedbacks drive an earlier end to the spring wet period and deepening of the summer dry season in the SGP. The midlatitude upper-level jet shifts northward, the monsoon anticyclone expands, and the Great Plains low-level jet increases in strength, all supporting a poleward shift in precipitation in the future. This dynamically forced shift causes land-atmosphere coupling to strengthen earlier in the summer, which in turn leads to earlier evaporation of soil moisture in the summer, resulting in extreme drying later in the summer.
Introduction
The purpose of this paper is to assess the dynamical, process-level credibility of the regional climate model (RCM) projections from the North American Regional Climate Change Assessment Program (NARCCAP) in the context of CMIP3 and CMIP5 for warm-season precipitation in the southern Great Plains (SGP), as defined here in Fig. 1 . In assessing the degree of ''credibility'' in the projections (as in, e.g., Brekke et al. 2008; Koutsoyiannis et al. 2008; Barsugli et al. 2013; Bukovsky et al. 2013 Bukovsky et al. , 2015 , we are looking for relative model accuracy in simulating twentieth-century climate, evaluating the effect of biases on projections of twenty-first-century climate, and searching for projections that are physically and/or mechanistically plausible in a warming climate. The latter part of this definition is important because we are not just assessing the technical adequacy of the historical simulations to establish their credibility in producing precipitation projections. We believe that for projection credibility, historical fidelity is necessary but not automatically sufficient. Therefore, we are including the explanation of credibility given in Christensen et al. (2013 Christensen et al. ( , p. 1255 in our characterization: ''[c]redibility in regional climate change projections is increased if it is possible to find key drivers of the change that are known to be well-simulated and well-projected by climate models.'' Thus, in addition to historical accuracy, we are examining the mechanisms behind the precipitation changes, assessing whether they are well simulated and whether they are changing in a manner that makes sense in a warming climate.
Partly, we focus on the SGP in this study as it is often neglected in studies of projections for central U.S. precipitation, which have often emphasized the central and northern Great Plains and Midwest, even if including the SGP (e.g., Liang et al. 2006; Bukovsky and Karoly 2011; Harding and Snyder 2014) .
Generally, projections for warm-season mean precipitation changes in the future remain unclear when considering the whole of the central United States (e.g., Christensen et al. 2013; Harding and Snyder 2014; Mearns et al. 2014) . This is partly because global climate models (GCMs) fail to realistically simulate the region's characteristic heavy, convective precipitation events, because of their generally coarser spatial resolution and use of convective parameterizations (e.g., Duffy et al. 2003; Dai 2006; Moncrieff and Liu 2006; Patricola and Cook 2013b; Harding et al. 2013) . RCMs have been shown to better simulate central U.S. precipitation compared to GCMs, even when using convective parameterizations (e.g., Liang et al. 2006; Bukovsky and Karoly 2011; Harding et al. 2013) , likely resulting from a combination of higher resolution and model configurations specifically tailored to the region. However, over the full central U.S. region, future projections of mean precipitation from RCMs remain uncertain, as RCM studies have not focused on the same domain, season, or emission scenarios. Also, RCM ensemble sizes (in terms of RCMs and the GCM drivers) are smaller than the CMIP3 and CMIP5 GCM ensembles and do not fully cover the range of model uncertainties (Mearns et al. 2014) . Therefore, in this study, we will focus on changes in mean precipitation.
The results of Mearns et al. (2013) suggested that projections for the SGP may not be as uncertain as the projections for the entire central United States and initially motivated the present analysis. In Fig. 2 of Mearns et al. (2013) , there is a strong signal for a decrease (10%-20%) in June-August (JJA) mean precipitation by midcentury in the NARCCAP ensemble mean over the SGP as defined here with strong consensus among the RCMs. This signal is stronger in the RCMs than from a 17-GCM ensemble of simulations from phase 3 of the Coupled Model Intercomparison Project (CMIP3) (5%-10%) and the four-member ensemble of NARCCAP driving GCMs (5%-10%). It was hypothesized in Mearns et al. (2013) that the deeper drying in the RCMs may be due to an enhancement of land-atmosphere coupling in the future, based on early results from Dirmeyer et al. (2012) , who showed that landatmosphere coupling may intensify in the future. As part of the present study, we examine this hypothesis further, as well as other mechanisms for precipitation change. JJA is not the ideal season for fully examining changes in warm-season precipitation in the SGP though, as there is an earlier spring peak in warm-season precipitation that occurs in this area (see the regional overview in section 2a). Therefore, we expand the analysis here to examine the causes of the precipitation projections from April through August.
The potential for drying in the SGP in JJA by midcentury was corroborated in Patricola and Cook (2013b) with wetter conditions in April and May in the seven NARCCAP RCMs used and one additional 30-km horizontal-resolution RCM simulation that was completed using a unique modeling approach. The results from 15 CMIP3 GCMs used in Patricola and Cook (2013b) were less conclusive, except in July-August, when they agreed on drying. The results from the one additional RCM simulation were further analyzed in Patricola and Cook (2013a) , and the changes in precipitation from that run were shown to be related to changes in moisture transport, resulting from changes in the Great Plains low-level jet (GPLLJ). It was also suggested that the drying that persists into August and September is related to a reduction in soil moisture and land-atmosphere feedback. The credibility of these results, however, relies to some degree on the agreement of the projection from their one 30-km RCM projection with the NARCCAP projections, the latter of which did not first undergo the same level of scrutiny. Here, we intend to assess the credibility of the NARCCAP projections themselves, which would then, in a sense, add to the credibility of the Patricola and Cook (2013b) projections. We know from Mearns et al. (2013) that there is a strong model consensus for mean drying in the SGP in JJA. In section 3 we will show that a marked consensus for mean change in precipitation extends from April through August (noting that the mean change switches sign through the season). To assess the credibility of this consensus, in section 4 we examine the mechanisms driving the changes in mean precipitation and establish physical arguments for their plausibility in a warming climate [as argued for in Held and Soden (2006) ]. We also delve into details of the individual simulations, but only where necessary to support their individual credibility and explain model disagreements. In this analysis, the mechanisms driving the mean precipitation changes in the SGP that we examine include the monsoon anticyclone, the upper-level jet, the GPLLJ, and landatmosphere coupling.
To conclude our analysis, we present projections for additional characteristics of precipitation that complement our examination of mean precipitation change (e.g., changes in frequency, intensity, and convective severity) in section 5. While this is not the primary focus of our analysis, these characteristics warrant further study owing to their importance, particularly in this region and season, where most precipitation is produced during convective events (Changnon 2001) . Extremes have been well studied in other RCM and GCM projections for the central United States and are less uncertain as they are tied to physically plausible, clear changes in water vapor content in a warming environment and a future increase in the strength of the GPLLJ (Cook et al. 2008; Weaver et al. 2009; Bukovsky and Karoly 2011; Li et al. 2011; Wehner 2013; Harding and Snyder 2014; Mahoney et al. 2013 ).
Background and methodology

a. Region overview
Our analysis focuses on the southern Great Plains (SGP), defined here as approximately 328-408N, 918-1058W, as in Fig. 1 . All calculations are performed over this region unless otherwise specified.
In the SGP, springtime instability from surface heating combined with moisture from the Gulf of Mexico and numerous disturbances forcing ascent contribute to a peak in annual precipitation in May over most of the region. Thunderstorms produce most of the precipitation in this region (60%-70%; Changnon 2001), and the peak in May also corresponds with a peak in severe weather (Doswell et al. 2005) . SGP precipitation during this spring wet period from April to June (AMJ) is often coincident with baroclinic waves and therefore much more dynamically forced than warm-season precipitation in the central and northern plains later in the season, which occurs under weaker forcing scenarios (Johns 1993; Carbone et al. 2002; Tuttle and Davis 2006) . The more dynamic forcing suggests that models may do a better job simulating the convection. These baroclinic systems also play a role in bringing low-level moisture to the region, east of the waves; however, the GPLLJ is responsible for most of the low-level moisture advected into the SGP (Helfand and Schubert 1995) . Additionally, during spring, upward motion over the SGP is enhanced by the position of the upper-level jet, as the divergent left exit region is located over the SGP on average (Wang and Chen 2009) .
In June precipitation starts to decrease leading to a relative dry period in July and August (JA) after the spring convective period, except over the high plains in the very western part of this region, which have their peak in thunderstorm frequency during JA (Tucker and Li 2009 ). The dry period sets in as the warm-season precipitation corridor moves northward (Ashley et al. 2003; Wang and Chen 2009) . The northward movement of the precipitation corridor, as well as the active suppression of convection during JA in the SGP, occurs in response to several related physical mechanisms. Enhanced heating of the troposphere over land stabilizes the atmosphere and strengthens the monsoon anticyclone or ''high'' at mid-to-upper levels and shifts it northward. The upper-level jet also shifts northward in response, positioning large-scale convergence over the area as a result (leading to broad subsidence).
The monsoon high is present in the mid-to-upper troposphere and is the result of the enhanced heating of the atmosphere over land, especially the elevated terrain of Mexico and the western United States (Higgins et al. 1997 (Higgins et al. , 1999 . In June, the monsoon anticyclone migrates northward and is generally positioned over the southwestern United States on average in July and August. This northward migration of the anticyclone effectively suppresses convection over the SGP, essentially concluding the late-spring wet period while initiating the monsoon season in the southwestern United States.
The SGP is also recognized as a ''hot spot'' for landatmosphere coupling, as variations in soil moisture strongly influence surface fluxes, the overlying atmosphere, and local-regional climate (Koster et al. 2004 (Koster et al. , 2006 . While precipitation always has a direct influence on soil moisture, in regions where land-atmosphere coupling is strong surface soil moisture can also influence precipitation by regulating evapotranspiration from the surface (i.e., precipitation recycling). Additionally, in moisture-limited regimes like the SGP during summer soil moisture variations also affect sensible heat fluxes, which can impact precipitation indirectly by affecting boundary layer characteristics and atmospheric stability.
During April, May, and early June, large-scale moisture transport ahead of baroclinic waves and from the GPLLJ fuels precipitation. Soil moisture tends to increase, as gains from precipitation exceed losses via evaporation. As precipitation decreases and the dry season sets in later in June, evaporation becomes a local source of moisture. During late June, July, and early August, evaporation exceeds precipitation, and soil moisture conditions dry. During this period, soil moisture conditions can exhibit significant control on the overlying atmosphere. During the early part of the dry season, the SGP acts as a net exporter of moisture, where SGP regional evaporated moisture is transported to other regions (Roads et al. 1994) . By late August, at the end of the dry season, precipitation and evaporation are nearly balanced, as the buildup of soil moisture during the spring has been lost to the atmosphere during the drier part of summer.
b. Models
As a part of NARCCAP, six RCMs were used to downscale four GCMs to 50 km, with 12 total simulations, all of which are included in this study (Mearns et al. 2007 ). The RCMs and GCMs are listed in Table 1 , while the simulation combinations are listed in Table 2 . For more information on these simulations, see Mearns et al. (2012) . Herein, when referring to a simulation, the forcing simulation (typically the GCM) is listed second in lowercase (e.g., CRCM-cgcm); otherwise, all acronyms are in uppercase. Three of the four driving GCMs used in NARCCAP are part of the CMIP3 dataset (GFDL, CCSM, and CGCM), while the fourth was produced specifically for NARCCAP (HADCM) but performed similarly to the version of the model used for CMIP3 simulations . Future projections are based on the Special Report on Emissions Scenarios (SRES; Nakićenović et al. 2000) A2 scenario. Additionally, while all simulations were performed at the same spatial resolution, each model uses a distinct map projection; therefore, for ensemble calculations the simulations were first interpolated to a common 0.58 3 0.58 grid. Other calculations are performed on the For comparison purposes, we also include projections of precipitation from simulations produced for CMIP3 and CMIP5. Single realizations from 17 CMIP3 simulations and 35 CMIP5 simulations are used, and the models are listed in Table S .1 of the supplemental material for reference. For the future projections, the CMIP3 simulations used are based on the SRES A2 scenario and the CMIP5 simulations are based on representative concentration pathway 8.5 (RCP8.5; Moss et al. 2008) . For the purposes of computing ensemble calculations only, all CMIP3 simulations were interpolated to a common 28 3 28 grid and all CMIP5 simulations to a 18 3 18 grid.
c. Other datasets
We verify precipitation from the simulations against the Climate Predication Center's (CPC) unified gaugebased analysis of daily precipitation over the continental United States (CONUS). The precipitation dataset (hereafter referred to as CPC) is on a 0.258 3 0.258 latitude-longitude grid. For direct statistical comparison with the simulations (e.g., in spatial correlations), it is interpolated to the resolution of a given model (RCM or GCM) using the ''area_hi2lores_Wrap'' function available in the NCAR Command Language (NCL 2016) . The CPC dataset is available daily from 1948 to 2006, covering our full baseline analysis period.
The 32-km-resolution North American Regional Reanalysis (NARR; Mesinger et al. 2006 ) is used to verify upper-level fields (e.g., geopotential height and winds) from the simulations.
d. Methods
1) SIGNIFICANCE TESTING AND AGREEMENT
Statistical significance of the climate projections is tested at the 0.1 level using bootstrapping with bias correction and acceleration unless otherwise noted [von Storch and Zwiers (1999) and Efron and Tibshirani (1993) , as described in more detail in Bukovsky and Karoly (2011) ]. For monthly differences, 5000 bootstrap samples are used, and for multimonth differences 1000 samples are used. As applied, this method essentially shows where differences are outside of the range of variability in the years used in the analysis with 90% confidence.
In section 3, Fig. 2 , we present ensemble mean precipitation change and adjust the intensity of the color scale using the percent of simulations that agree on the sign of the ensemble mean change. The percent in agreement is scaled by the likelihood of agreement and calculated using the kappa statistic (Cohen 1960; Fleiss 1971) . This more accurately reflects the percent of agreement across ensembles of different sizes, as it adjusts agreement to account for the possibility of agreement by chance. This measure of agreement is often used when examining ratings from surveys, in which case the raters are synonymous with the simulations here. Agreement using the kappa statistic K is simply defined as the degree to which the observed agreement across ensemble members exceeds that which would be expected if the agreement were random. The K is the degree of agreement actually achieved above chance (Po 2 Pc) divided by the degree of agreement possible above chance (1 2 Pc), where Po is the observed agreement in the ensemble, and Pc is the probability of that number agreeing by chance. The Pc is calculated as if a coin were being flipped, as there are only two possibilities here as well (agreement on positive change or agreement on negative change). That is,
where N is the number of simulations in agreement and n is the total number of simulations in the ensemble. It should be noted that using K to scale agreement by likelihood does assume that each simulation is an independent sample, which is likely not the case, particularly for the NARCCAP simulations using the same forcing GCMs; however, assessing degree of independence is outside the scope of this project.
2) CAPE, CIN, AND SHEAR CALCULATIONS
In section 5, we examine future changes in convective environments in seven of the NARCCAP simulations. These seven simulations have the necessary variables for calculating convective available potential energy (CAPE) and convective inhibition (CIN). These are the CRCMccsm, CRCM-cgcm, MM5I-ccsm, MM5I-hadcm, HRM3-hadcm, WRFG-ccsm, and WRFG-cgcm.
Full-column atmospheric variables from NARCCAP are available on pressure levels every 25 hPa from 1050 to 700 hPa and every 50 hPa from 650 to 50 hPa. Using the geopotential height field at the various pressure levels, the lowest (approximately) 3 km of the atmosphere is divided up into 500-m depth layers. Average equivalent potential temperature u e is calculated for each layer, and CAPE 1 and CIN are then calculated using the layer with the greatest u e . CAPE is the accumulated positive buoyant energy from the level of free convection (LFC) to the equilibrium level, and CIN is the accumulated negative buoyant energy from the parcel starting point to the LFC.
Wind shear is typically calculated over a layer from 0 to 6 km when examining convective environments (Rasmussen and Blanchard 1998) . To avoid added interpolation error, we calculate shear for a layer from the surface to 500 hPa instead; 500 hPa is approximately 5.5 km above ground level for areas near sea level (COESA 1976) .
Several severe thunderstorm environment parameters were calculated from these variables following Brooks FIG. 2 . Monthly mean precipitation change (%) from the baseline period for (a) the 12-simulation NARCCAP ensemble, (b) the 4 GCMs used to force the NARCCAP suite, (c) 17 CMIP3 GCMs, and (d) 35 CMIP5 GCMs. Precipitation change is presented following methodology proposed by Tebaldi et al. (2011) , with some modification: hatching indicates where more than 50% of the simulations show change that is significant at the 0.10 level (as determined by the Student's t test) and where more than 75% of the simulations agree on the sign of change (thus, where the majority agree on significance and sign). White grid cells indicate where more than 50% of the simulations show change that is significant but also where 75% of the simulations or fewer agree on the sign of the change (thus indicating true disagreement and little information). Additionally, the percent of simulations that agree on the sign of the change is indicated by the color saturation and value (the vertical axis on the color bar). The percent agreement on sign of change is not a straight observed percent agreement but is scaled across the ensembles to adjust for differences in likelihood of agreement given differences in ensemble sizes [see section 2d(1) for details]; therefore, a table is also provided at the bottom to indicate how many simulations are needed in each ensemble for a given level of agreement. To facilitate creating this ensemble average, all models were regridded to common grids in latitude/ longitude of 0.58 3 0.58 for the RCMs, 28 3 28 for the CMIP3 GCMs, and 18 3 18 for the CMIP5 GCMs. et al. (2003), Trapp et al. (2007) , and Gensini et al. (2014) 3) TERRESTRIAL COUPLING INDEX There are multiple metrics by which to examine the strength of the coupling between the land surface and the atmosphere in models. These range from complex physically based metrics such as precipitation recycling based on back trajectories (e.g., Brubaker et al. 2001; Dirmeyer and Brubaker 2007) , the heated condensation framework (Tawfik and Dirmeyer 2014) , and the convective triggering potential and humidity index (Findell and Eltahir 2003) , to simpler statistical methods such as soil moisture memory (Delworth and Manabe 1988) or the terrestrial coupling index (TCI; Dirmeyer 2011). More complex methods might be worth exploring, but because of dataset restrictions and the large number of simulations we are examining, we chose to use the simpler TCI to explore the strength of the coupling between the soil moisture and latent heat flux (or evapotranspiration) in the NARCCAP RCMs and GCMs. The TCI is calculated as the correlation between soil moisture and latent heat flux multiplied by the standard deviation of the latent heat flux. In other words, the TCI is the change in latent heat flux given a typical (one standard deviation) change in soil moisture. As explained in Dirmeyer et al. (2013) , a positive correlation between soil moisture and latent heat flux occurs when soil moisture is more limited than energy and soil moisture supply controls latent heat flux. The TCI will have the same sign as the correlation, but it is scaled by the magnitude of the changes in latent heat flux. Note that one would normally examine the upper layer of soil moisture, but only total column soil moisture is available from the NARCCAP RCMs, the depth of which varies by land surface model, so that is what is used here.
Precipitation projections
We first show monthly mean projected precipitation changes for April through August in Figs. 2a-d for the NARCCAP RCMs, their GCM drivers, and ensembles of CMIP3 and CMIP5 GCMs. These figures recap the Mearns et al. (2013) results and set the stage for our in-depth analysis of precipitation change in the SGP. As is evident in Figs. 2a-d , there is consensus across the NARCCAP, CMIP3, and CMIP5 ensembles for a northward shift in the convective corridor through the warm season. Toward the end of summer, this leaves the SGP with an enhanced dry season by midcentury, particularly in the NARCCAP RCMs. This shift also implies an earlier end to the spring wet period in the SGP, as precipitation in June tapers off earlier.
Focusing now on the NARCCAP RCMs, we see a similar story emerge from most of the individual RCMs (Fig. 3) , although, as expected, there are differences among them. In almost all of the RCM simulations, except the HADCM-driven simulations and the ECP2-gfdl, there is a transition from an increase in precipitation in April to an increase mostly in the northern half of the region and a decrease in the southern half in May, a similar pattern or widespread drying in June, and drying in July and August across most of the SGP. This pattern further supports the ensemble mean change and again suggests a northward shift in the region most favorable for convection and an earlier end to the spring wet period. Differences in the pattern of the changes across the RCMs show similarities by driving GCM. The CCSM-driven simulations have greater, more widespread increases in April and May, with stronger, more widespread decreases in June than the CGCM-driven simulations. Additionally, the pattern in two of the GFDL-driven simulations (HRM3 and RCM3) suggests a northward shift in mean precipitation starting in April. As mentioned, the HADCM-driven simulations do not agree with the other RCMs and show no coherent change patterns across the season. The reason for this departure will be explained in the next section, as we examine the credibility of the key drivers of these mean precipitation changes in the SGP in all of the RCMs.
Of the four NARCCAP driving GCMs, only GFDL has a similar projection story for monthly mean precipitation change as the NARCCAP and CMIP ensembles (Fig. 4) . The CCSM projects strong increases in precipitation, the CGCM mostly projects insignificant increases, and the projections from HADCM are mixed and generally weak. In CCSM and CGCM, it is likely that the projected increase is the convective parameterization scheme's response to an increase in moisture and instability regardless of increased convective inhibition [as in projections to be shown in sections 4b (1) and 5]. Not accounting for CIN is a known problem for convective parameterization schemes of the type used in both GCMs [in this case, Zhang and McFarlane (1995) ] particularly in midlatitude, weakly forced, deep convective environments (Zhang 2002) , as the SGP is later 
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in summer. In these schemes the convection is not suppressed by CIN and they tend to convect too easily to allow CAPE to build up in the environment [as illustrated by consistently low CAPE values in CCSM in Marsh et al. (2007) ]. This is likely exacerbated in CCSM through an increase in terrestrial coupling in this model in July and August, as will be shown in section 4d.
Credibility of precipitation projections a. Baseline precipitation
As compared with mean precipitation from the CPC, NARCCAP simulations produce precipitation that is distributed better spatially across the SGP than their driving GCMs (Figs. 5 and 6 ). As shown in Figs. 5 and 6, the RCMs better capture the west-east gradient of precipitation than the GCMs in AMJ and the southnorth gradient in JA. Pattern correlations comparing mean baseline precipitation to that of the CPC over the SGP region used in Fig. 2 support the better performance in the RCMs. The pattern correlation calculated on the models' native grids and averaged across all of the NARCCAP RCMs is 0.76 (0.54) in AMJ (JA) and 0.46 (0.42) averaged across the four driving GCMs. If we aggregate/interpolate all RCMs and GCMs to a 28 3 28 grid, using local area averaging to ''upscale'' the RCMs, the RCM average pattern correlation is 0.73 (0.50) in AMJ (JA) and 0.41 (0.37) averaged across the four driving GCMs. The similarity of the coarser grid calculation and the former native grid calculation indicates that the RCMs are producing more accurate large-scale, GCM-resolvable precipitation patterns. This added value is then likely due to the RCMs representing precipitation processes better on a larger-scale and not just because the RCMs and CPC contain finer-scale features that are unresolvable by the GCMs. Some of the RCMs are too dry in both parts of the warm season, particularly the CCSM-and CGCM-driven simulations. These biases mostly stem from GCM-inherited errors, particularly, a low humidity bias in the boundary conditions in both GCMs and a monsoon high that is too strong in the CCSM [as discussed in Bukovsky et al. (2013) ]. Cold-biased sea surface temperatures in the CCSM also affect the amount of moisture flux from the Gulf of Mexico, adding to the dry bias in the RCMs it forces [as discussed in Bukovsky and Karoly (2011) ].
The NARCCAP RCMs also realistically reproduce the annual cycle of precipitation for the SGP, with a peak occurring in May in most RCMs (Fig. 7) , followed by a reduction in summer. The dry biases in the CGCMand CCSM-driven simulations, noted above, are particularly obvious in Fig. 7 . Other biases include too early of a peak in the HADCM-driven simulations and too much precipitation in CCSM in June and the GFDLdriven simulations in winter-spring. The RCMs also show important differences from the GCM drivers; notably, those driven by CCSM are drier than observed and remain so through October, unlike CCSM, which is wetter than observed in June. The RCMs driven by GFDL tend to follow their driver more closely through FIG. 4 . As in Fig. 3 , but for the NARCCAP GCM drivers.
the season. The RCMs driven by HADCM also follow their driver closely and show similar monthly biases to the driving model.
b. Physical mechanisms driving precipitation changes
Changes in related physical processes or mechanisms driving the mean precipitation changes in the SGP are consistent across almost all of the NARCCAP simulations. This includes the expansion of the monsoon anticyclone, a projected northward shift in the midlatitude upper-level jet, and an increase in the strength of the GPLLJ. It is also likely that strong land surface coupling is contributing to the strength of the precipitation decrease in JA.
1) MONSOON ANTICYCLONE
One large-scale change supporting the ensemble mean change signal in SGP precipitation is the expansion of the monsoon high. In the future, the anticyclone is not projected to notably change its mean position by the NARCCAP RCMs, but it does intensify [as shown in Fig. 8 of Bukovsky et al. (2015) for JA], as is plausible in a warmer climate, particularly since the troposphere over land is warming faster than over the surrounding ocean basins, and the heating of the troposphere over land relative to the oceans plays a strong role in the existence and evolution of the anticyclone to start. The basic broadening/ deepening of the high and the connected increase in midtropospheric temperatures would suppress convection earlier in summer over the SGP and act to further suppress convection later in the summer. That is, it would shift the region that is most favorable for convection away from the center of the high faster. This is because a stronger monsoon high could promote stronger, more widespread midtropospheric subsidence through increased upper-level convergence over the plains, and the increased midtroposphere temperatures would also further increase the stability of the atmosphere. These changes would, furthermore, lead to a stronger capping inversion layer of CIN (cap) for convection as a result. The increase in the strength of the cap is illustrated in Fig. 8 (Fig. 8a) , and a clear decrease in the number of days with weak to moderate CIN. Stronger forcing for convection would be necessary to maintain the baseline mean frequency of convection at a given location as a result, but the projected northward movement of the precipitation to a more conducive location toward the periphery of the anticyclone's influence and the increase in the number of dry days (discussed in section 5) in both AMJ and JA suggests that stronger forcing to maintain baseline frequencies is not occurring in the future. The effect of the increased strength and the overall expansion of the monsoon high on projected precipitation here is similar to that shown by Lahmers et al. (2016) on North American monsoon system precipitation in the recent past on days when a transient inverted trough (IV) is present, but the effect is opposite in latitudinal influence. In the SGP, the expansion of the high is shifting future convection northward, and in the monsoon region, it has shifted IVs and their associated convection southward.
2) UPPER-LEVEL JET Figure 9 and Fig. S .1 in the supplemental material illustrate a northward shift in the upper-level midlatitude jet for AMJ and JA, respectively. The shift is illustrated as decreasing westerlies in the southern part of the region (blue in Figs. 9 and S.1) and increasing westerlies in the northern part of it (red) and is present to some extent in all of the RCMs except the HADCM-driven simulations. In actuality, this would move the left-front quadrant of the jet, which is climatologically located over this region in May in baseline period observations, out of the SGP earlier in the summer. With it would move the dynamically forced upward motion that favors regional convection. This poleward shift, therefore, could be contributing further to the projected shift in precipitation. The northward shift is logical in the context of increased heating of the troposphere over the continent relative to the surrounding ocean basins and the resultant expansion of the monsoon high (as discussed in the previous subsection), as this would also cause the upper-level jet to move farther poleward during the season. The northward shift of the jet with anthropogenic warming has also been attributed to the widening of the tropical belt and is consistently seen in climate model projections and observations [e.g., as reviewed in Seidel et al. (2008) and Tandon et al. (2013) ]. We therefore consider this aspect of the projections from the RCMs to be credible.
The notable outliers in Figs. 9 and S.1 are the HADCMdriven simulations. The changes in the upper-level jet do not match those from the other simulations because the jet in the HADCM and HADCM-driven simulations is not realistically simulated to start with over North America, so the changes do not represent changes to a realistically simulated phenomenon. It is too weak, positioned incorrectly, and does not evolve properly through the summer. This is illustrated using the HRM3-hadcm simulation in Fig. 10 . This large-scale dynamical error is significant enough that we do not think the projections from these simulations are credible for this region and time of year, owing to the magnitude of the error and the importance of this feature in the indication of the poleward shift we are seeing in the other simulations. We will continue to include them here for completeness, however.
It is worth noting that the monsoon anticyclone and the tropical easterlies are fairly well simulated in these simulations despite the very poorly simulated midlatitude jet (Bukovsky et al. 2015) . Because of this, and because the large scale is reasonably simulated for this region prior to May (note that the jet magnitude and position in April is considerably better than during the rest of the warm season in Fig. 10 ), the annual cycle of precipitation shown in Fig. 7 and the spatial distribution of precipitation in Figs. 5 and 6 for the HADCM-driven simulations are better than one might expect. However, upon careful examination of the time series of precipitation in Fig. 7 , one can see that the decrease in precipitation in the HADCM-driven simulations starts earlier than it should and tapers off less rapidly than in the other simulations, consistent with the large-scale circulation problems that clearly start in May, as indicated by the midlatitude upper-level jet in Fig. 10 , and consistent with the onset of the monsoon high later in the season, which is better simulated. Although the precipitation from the baseline HADCM-driven simulations is adequately represented we argue the projections from these simulations are not credible because of the poorly simulated evolution of the large-scale flow during the baseline and its failure to respond in a manner that is both physically plausible and consistent with warming in the future.
3) GREAT PLAINS LOW-LEVEL JET
In these simulations, local specific humidity and northward moisture transport are also projected to increase, which would help sustain a northward precipitation shift forced by the increased intensity of the monsoon anticyclone and northward shift in the midlatitude jet. This would also support the increase in precipitation in April in many of the RCMs. The projected increase in moisture transport is illustrated through the projected increase in the strength of the southerly mean flow associated with the Great Plains low-level jet and the increase in specific humidity seen in Figs. 11 and 9 (for AMJ) and Figs. S.2 and S.1 in the supplemental material (for JA). The increase in the strength of the GPLLJ core could also be contributing to the projected drying later in summer as more moisture may be transported out of the region. The increase in the strength of the GPLLJ is varied, but present in all simulations except the HADCM-driven simulations in which the previously mentioned large-scale dynamical errors may be playing a role in it being an outlier here as well. The simulations also imply a westward expansion of the GPLLJ, although with little shift in the jet core, as the largest increases are generally centered to the west of the jet core in most of the simulations. The projected changes in the GPLLJ may be due to the strengthening and westward expansion of the North Atlantic subtropical high (NASH; aka the Bermuda high), which is linked to greater warming over the United States versus the subtropical Atlantic Ocean and has been noted in both observations and other climate model studies [e.g., Cook et al. (2008) , Weaver et al. (2009 ), Li et al. (2011 , and Barandiaran et al. (2013) , although there is some debate over the behavior of the NASH in observations (Diem 2013) ]. The increase in the strength of the GPLLJ may also be due to enhanced temperature increases over the southern high plains versus the southeastern plains, as seen in observations (Feng et al. 2016) . Therefore, we consider the broad response from the NARCCAP RCMs for this increase in the strength of the GPLLJ to be credible as well.
4) LAND SURFACE FEEDBACKS
The future changes in the larger-scale drivers of precipitation described above result in an earlier end to the spring wet period in the SGP. Averaged over the SGP, precipitation minus evaporation (P 2 E) serves as a gross estimation of moisture convergence. Figure 12 shows the monthly mean relationship between P 2 E and precipitation in the baseline and future experiments and how those relationships change in the future. During the rainy season (April, May, and early June), precipitation is driven primarily by larger-scale moisture transport, precipitation exceeds evaporation during these months, and soil moisture increases. In June, larger-scale sources of moisture decrease along with precipitation and evaporation begins to exceed precipitation in most of the models. When this happens, local evaporation starts to become an important source of moisture for the region, and land-atmosphere coupling begins (see Fig. S .3 in the supplemental material for ensemble mean coupling strength in the baseline period). By July and August, evaporation exceeds precipitation in all of the models, surface moisture strongly controls evapotranspiration, and land-atmosphere coupling is strong (Fig. S.3) .
In the future, there is a clear change in the relationship between P 2 E and precipitation in June, compared to other months (Fig. 12) . While a few simulations have slight increases in moisture convergence (corresponding with an increase in rainfall, particularly in the HADCMdriven simulations and CCSM), most have decreases. This decrease results in the land surface drying out earlier in the summer, which in turn causes strong landatmosphere coupling to be established earlier in the summer. Figure 12 , right, shows the monthly changes in the TCI versus precipitation for April-August. In April and May, there is very little correlation between changes in precipitation and TCI, and it is likely not contributing to those changes. In June, however, changes in precipitation and TCI are well correlated. In July and August, while a few models have increases in TCI that correspond with decreases in precipitation, across all of the models there is little correlation between changes in precipitation and TCI.
The simulations with increases in TCI in June suggest that strong land-atmosphere coupling will be established earlier in the summer by midcentury and that June coupling is transitioning to be more like the stronger coupling seen in July and August. This result supports the findings of Dirmeyer et al. (2013) . An increase in landatmosphere coupling in June means that local evaporation will serve as an important source of moisture for the SGP earlier in the season. As the land surface dries out earlier in the season, there is less moisture available for precipitation recycling later in the season.
In CCSM in July and August, there is an increase in both precipitation and terrestrial coupling (TC) that is worth noting, as the increase in TC may be exacerbating the increase in precipitation that is likely just an artifact of the convective parameterization and a response to moisture and CAPE increases. Other forcing mechanisms in this GCM would otherwise suggest that precipitation should be decreasing in summer, as it is in the RCMs forced by CCSM. Land-atmosphere coupling is known to be strong in this version of CCSM. The land surface model used, the Community Land Model, version 3 (CLM3; Oleson et al. 2004) , is known to have a dry soil moisture bias that leads to unrealistic surface flux responses (Oleson et al. 2008) . Also, precipitation in the atmospheric component of CCSM, the Community FIG. 12. Monthly average P 2 E vs P from the (left) baseline and (center left) future periods as well as (center right) the absolute change from baseline to future in P 2 E vs P and (right) the change in the TCI vs the percent change in P over the SGP region outlined in Fig. 1 .
Atmosphere Model, version 3 (CAM3), is known to be highly sensitive to evapotranspiration fluxes (Guo et al. 2006; McCrary and Randall 2010) . It is likely that the change in terrestrial coupling strength is further enhancing the drying where it is projected in June. Because the coupling strength is high in this region, some enhancement of the precipitation response is expected, even without a change in the coupling strength itself. With the existing strong coupling, less precipitation would lead to less soil moisture, less evaporation, and then less precipitation. Strong correlations between changes in precipitation and soil moisture and sensible heat flux are indeed evident in JA in the models (Fig. S.4 in the supplemental material). The strong coupling may also be enhancing the decrease in precipitation driven by larger-scale atmospheric changes through modulation of CIN, as CIN would also increase (as illustrated in Fig. 8 ) as soil moisture decreased (Myoung and Nielsen-Gammon 2010) .
Projections of additional precipitation characteristics
Changes in the processes discussed in section 4b are also driving changes in other characteristics of warmseason precipitation in the SGP along with the changes in the mean as discussed in section 3. In AMJ, the number of days with no precipitation is increasing (Table 3) because of the increased strength of the monsoon anticyclone, the increase in the frequency of high CIN (Fig. 8) , and the earlier end to the SGP wet period as a result of the increasing strength of the monsoon anticyclone. When it does rain, it is more intense because of the greater availability of moisture (Table 3 ). There is a concurrent shift in the frequency distribution of precipitation as well, with a decrease in the frequency of precipitation events of nearly all magnitudes, except the most intense (Fig. 13a) . In the SGP, this all implies more intense but less frequent convection. Convective environment parameters for severe events are projected to change in such a way that there is a greater likelihood that when convection occurs, it will happen in an environment that is more conducive to severe thunderstorms than in the past. Figure 14a illustrates this projected increase through an increase in the number of days in which the environment is conducive for severe and significant severe thunderstorms in seven of the RCMs (calculations of those complex indices were restricted by data availability). These changes are predominantly due to an increase in the number of high CAPE days, including days on which the triggering of convection is not severely inhibited (CIN , 100 J kg 21 ), and less because of changes in shear, as these changes are more mixed, but mostly positive. The changes in these parameters are also statistically significant over much of the SGP region, with coverage values ranging from 32% to 96% of the grid points depending on the model and parameter (with the lowest values coming from the HADCM-driven simulations), with an average of 69% coverage (spatial maps of change not shown). These changes are physically plausible with increases in surface temperature and specific humidity as both would act to increase CAPE. In JA, there is an expected increase in dry days, with the broadening of the monsoon high. Most of the RCMs project a decrease in the intensity of precipitation when it does rain and a strong decrease in the frequency of precipitation events of almost all magnitudes as well (Table 3 ; Fig. 13b ). There is also an increase in the number of days conducive to severe and significant severe thunderstorms in JA, in several of the RCMs, but less so than in AMJ, and mostly because of an increase in high CAPE days in several of the simulations (Fig. 14b) . However, the increase is less likely in some of the RCMs in an environment with CIN less than 100 J kg 21 . Similarly, these environments would be increasingly unlikely to be realized in JA given the other increasingly unfavorable conditions for convection to occur in JA, as also indicated through the increase in the number of dry days, decreases in the frequency of convection, and increases in frequency of high CIN. Furthermore, these changes are generally statistically significant over less of the domain, with coverage ranging from 34% to 87% of the grid points depending on the simulation and parameter with an average of 60% coverage.
Summary and discussion
Midcentury projections from the NARCCAP RCMs for the SGP indicate an increase in mean precipitation in early spring in the SGP but an earlier shift in precipitation poleward into the central Great Plains and Midwest through late spring and early summer, followed by an intensification of the dry season in July and August. These projections are consistent although weaker in ensembles of CMIP3 and CMIP5 simulations. While the details on the timing of these changes in mean precipitation and the magnitude of the changes vary across the individual RCMs, we find the consistent part of this response to anthropogenic warming to be credible in all NARCCAP simulations except the HADCM-driven simulations. That is because this mean change is forced by consistently simulated, physically plausible changes in the monsoon high, upper-level jet, the GPLLJ, and amplified by land-atmosphere coupling.
The schematic provided in Fig. 15 summarizes the consistent part of the changes in these complex, intertwined processes. As illustrated, the monsoon high strengthens and expands in the future and suppresses convection over a broader region, essentially driving it farther north to a more conducive environment, the upper-level jet shifts northward earlier in the warm season as well, and the GPLLJ is stronger in the future supplying more moisture for earlier season precipitation and a greater flux of moisture northward later in the season. These larger-scale dynamical changes force land-atmosphere coupling to initiate earlier in the warm season, so the SGP dries out earlier and extreme drying occurs later in the summer as a result.
In AMJ, the credible RCMs also project an increase in the intensity of precipitation, an increase in the frequency of very heavy precipitation events, with a decrease in the frequency of lighter events, and an increase in the number of days with environments conducive to severe thunderstorms, although there is also an increase in the frequency of very strong capping inversions. In JA, the credible RCMs also project a decrease in the intensity of precipitation, a larger increase in the number of dry days, a decrease in the frequency of precipitation events of nearly every magnitude, and an increase in the number of days with environments conducive to severe thunderstorms, although it does not seem likely that these would be often realized as the environment is projected to become less favorable for the triggering of convection in JA. FIG. 13 . Percent change in the percent frequency of 3-hourly precipitation rates for (a) AMJ and (b) JA. Rates are binned by their percentile in the baseline climate. The value associated with a bin is the starting point for values within that bin; for example, the green 95th-percentile bin shows the percent change in the frequency of events with a magnitude greater than or equal to the 95th-percentile magnitude and less than the 97th-percentile magnitude in the current climate. Dark squares across the bottom of (a),(b) indicate that the change in the corresponding bin is statistically significant at the 0.1 level.
Out of the 12 NARCCAP RCM simulations, we find that the projections from 3 of them are clearly not credible, the HADCM-driven simulations. The error in the simulation of the upper-level midlatitude jet stream in these simulations during the warm season clearly affects the response to anthropogenic warming in these simulations. We find the projections from the others to be credible, in general. This is not to say that the other 9 simulations are not biased and that those biases are not affecting the projections in some way (e.g., magnitude or timing of response during the season) but that they are not influencing the ability of the RCMs to respond to the consistent and credible parts of the larger-scale changes in the mechanisms driving the mean precipitation changes. If we remove the HADCM-driven changes from the NARCCAP ensemble mean, we see stronger signals for mean precipitation change through the season, as these projections are not consistent with the others (cf. Figs. 16 and 2a) .
Overall, we also find the baseline simulation of and projections of mean precipitation to be more credible from the RCMs than their driving GCMs. Specifically, three-quarters of the RCM simulations are credible and show consensus on mean precipitation changes from April through August; only half of their GCM drivers are without fatal errors or very questionable projections. The HADCM response is not credible for the reasons mentioned above, and CCSM has precipitation changes that are not physically plausible given the changes in the larger-scale drivers of the precipitation. The precipitation in the RCMs forced by CCSM large-scale fields responds to the larger-scale changes in a way that is much more plausible, suggesting great added value in these simulations. The mean precipitation changes in CGCM and CCSM in summer (an increase and a strong increase, respectively) may be due to their convective scheme not realistically taking into account convective inhibition and responding chiefly to the increase in moisture and instability and exacerbated by strong terrestrial coupling (which increases in the CCSM).
Generally, the projections for mean precipitation from the RCMs agree with the projections from the CMIP suites of simulations, but the changes are greater in magnitude in the RCM ensemble. There are several possible reasons for this. In JA, the drying signal in the RCM ensemble may be greater because half of the RCMs (driven by CCSM and CGCM) have strong dry biases during JA to begin with, which could, through the strong surface coupling, lead to enhanced drying. During the full season, it is also possible that the difference between the RCM and GCM ensemble mean changes is due to differences in how well the precipitation pattern is simulated to begin with (it is better in the RCMs than their drivers, as discussed in section 4a), and a poor baseline simulation of precipitation could cause the influence of the largerscale changes on precipitation to manifest in a less distinct way. The manner in which convection is parameterized may also play a role in multiple GCMs, as it likely is in the CGCM and CCSM runs used in NARCCAP (e.g., whether the influence of CIN in inhibiting convection is parameterized well). Additionally, the strength of the precipitation change in the RCMs versus the GCMs could be heavily influenced by whether enough of the GCMs in the ensembles have the same synoptic and large-scale changes as seen here in most of the simulations or if they have biases in their larger-scale features affecting the projections as in the HADCM and HADCM-driven simulations. Clearly many of them show similar signals for changes in the GPLLJ and the expansion of the Hadley cell, which should force the upper-level jet northward, if it exists in the simulation (see the references used previously in the corresponding sections), whether or not the precipitation is responding in an appropriate manner. Individually assessing all of the GCMs included in Fig. 2 is outside the scope of this study, although it would be a warranted topic for future work. Further work FIG. 14. Percent change from the baseline to the future in the number of days per season that meet the criteria for the given category at 0000 UTC averaged across the SGP region outlined in Fig. 1 for (a) AMJ and (b) JA. The median value of the seven models for which these criteria can be calculated is the dividing line between the turquoise and green. The top of the box represents the 75th percentile of the model projections and the bottom the 25th percentile. The top whisker represents the maximum from the seven projections and the bottom the minimum.
could also include a similar analysis for this region with an ensemble of well-performing, convection-permitting simulations (regional and global), as the RCMs used here do still rely on convective parameterizations, just like the GCMs. This would verify that the changes in the largerscale drivers of precipitation are having the same effect on convection in the future when the convection is simulated even more realistically.
In this analysis of the NARCCAP simulations we find consensus and credibility across the majority of the simulations for their change in mean precipitation. Consensus and credibility together are not a given. The results of this study are in great contrast to analyses of the NARCCAP simulations for warm-season precipitation in the North American monsoon region by Bukovsky et al. (2013 Bukovsky et al. ( , 2015 and in the northeastern United States by Thibeault and Seth (2014) . In Bukovsky et al. (2013 Bukovsky et al. ( , 2015 , there was great consensus, but little credibility. The less credible a simulation, in that case, the greater the decrease was in projected mean precipitation. In Thibeault and Seth (2014) , results were generally mixed with little consensus, even in the more credible simulations. In contrast, here we have robust larger-scale changes that are physically consistent with a warmer environment and the RCMs are responding in a plausible way to this forcing. Similar mean changes in precipitation manifest in the CMIP3 and CMIP5 ensembles also, as a result. Therefore, in this case, the NARCCAP model biases become less important to the overall story of mean precipitation change in the SGP. Because we have plausible physical arguments that support the model consensus, we have confidence in these results. FIG. 15 . Schematic diagram summarizing the changes projected for the SGP by midcentury by the NARCCAP RCMs. Fig. 2 , but for the NARCCAP ensemble excluding the three HADCM-driven simulations.
FIG. 16. As in
